21 22 23 2 I. Abstract 24 Background: Epistasis and gene-environment interactions are known to contribute significantly to 25 variation of complex phenotypes in model organisms. However, their identification in human 26 association studies remains challenging for myriad reasons. In the case of epistatic interactions, the 27 large number of potential interacting sets of genes presents computational, multiple hypothesis 28 correction, and other statistical power issues. In the case of gene-environment interactions, the lack 29 of consistently measured environmental covariates in most disease studies precludes searching for 30 interactions and creates difficulties for replicating studies.
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Genetic association studies in humans have focused primarily on the identification of 47 additive SNP effects through marginal tests of association. There is growing evidence that both 48 epistatic and gene-environment × interactions contribute significantly to phenotypic variation 49 in humans and model organisms [1] [2] [3] [4] [5] . In addition to explaining additional components of missing 50 heritability, interactions lend insights into biological pathways that regulate phenotypes and improve 51 our understanding of their genetic architectures. However, identification of interactions in human 52 studies has been complicated by the computational and multiple testing burden in the case 53 of epistatic interactions, and the lack of consistently measured environmental covariates in the case 54 of × interactions [6, 7] .
55
To overcome these challenges, we leverage the unique nature of genomes from recently 56 admixed populations such as African Americans, Latinos, and Pacific Islanders. Admixed genomes are 57 mosaics of different ancestral segments [8] and for each admixed individual it is possible to 58 accurately estimate , the proportion of ancestry derived from each ancestral population (e.g. the 59 fraction of European/African ancestry in African Americans) [9] . Ancestry has been previously 60 leveraged to demonstrate that an array of environmental and biomedical covariates are correlated 61 with [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] and we therefore consider its use as a surrogate for unmeasured and unknown 62 environmental exposures. is also correlated with the genotypes of SNPs that are differentiated 63 between the ancestral populations, suggesting that may be effectively used as a proxy for detecting 64 multi-way epistatic interactions. Therefore, we propose a new SNP by test of interaction in order to 65 detect evidence of interaction in admixed populations.
66
We first investigate the properties of our method through simulated genotypes and 67 phenotypes of admixed populations. In our simulations we demonstrate that differential linkage-68 disequilibrium (LD) between ancestral populations can produce false positive SNP by θ interactions 69 when local ancestry is ignored. To accommodate differential LD, we include local ancestry in our 70 statistical model and demonstrate that this properly controls this confounding factor. We also show 71 4 that our approach, the Ancestry Test of Interaction with Local Ancestry (AITL), is well-powered to 72 detect × interactions when θ is correlated with the environmental covariates of interest and 73 multi-way epistatic interactions. The power for detecting pairwise × interactions at highly 74 differentiated SNPs is lower than direct interaction tests even after accounting for the additional 75 multiple testing burden. However, the results of our simulations show that AITL is well powered to 76 detect multi-way epistasis involving tens or hundreds of SNPs of small effects, not detectable by 77 pairwise tests.
78
We first examined molecular phenotypes by applying our method to gene expression data 79 from African Americans, as well as DNA methylation data from Latinos. Gene expression traits have 80 previously been shown to have large-scale differences as a function of genetic ancestry [13] . Other 81 molecular phenotypes, such as LDL levels, have also been shown to be associated with genetic 82 ancestry [13, 16, [21] [22] [23] [24] . For gene expression in particular, Price et al. showed that the effects of 83 ancestry on expression are widespread and not restricted to a handful of genes. Additionally, 84 molecular phenotypes are often used in deep phenotyping and Mendelian randomization studies and 85 are thus directly relevant to elucidating disease biology [25, 26] .
86
We identified one genome-wide significant interaction < 5×10 ' 
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To determine whether using as a proxy for highly differentiated SNPs is more powerful 112 than testing all pairs of potentially interacting SNPs directly, we simulated two interacting SNPS in 113 1000 admixed individuals (see Simulation Framework). We then tested for an interaction using AITL 114 by replacing the genotypes at the highly differentiated SNP with 8 . We observed that even with 115 moderate effect sizes, using in place of the actual genotypes does not provide any increase in power 116 even after accounting for multiple corrections (see Figure 1a ). This is in agreement with recent work
117
showing the limited utility of local ancestry by local ancestry interaction test to identify underlying 118 SNP by SNP interaction when genotype data are available [29] . For the larger effect sizes we 119 simulated, we do see power increasing as the delta between ancestral frequencies increases. The 120 plots show that AITL has little power unless the effect was very strong. Figure 1b To demonstrate that differential LD has the potential to cause inflated test-statistics, we ran 153 10,000 simulations of 1000 admixed individuals. For each individual we simulated 2 SNPs, a causal 154 SNP and a tag SNP. The LD between the tag SNP and causal SNP was different based on the ancestral 155 background the SNPs were on (see Simulation Framework). Over 10,000 simulations, we computed 156 the mean 8 @ test-statistic for the AIT and the AITL. We note that the phenotypes for these 157 simulations were generated under a model that assumed no interaction. We observed a mean 8 @ = 158 0.996 with a standard deviation of 1.53 for AITL. AIT, which does not condition on local ancestry, had 159 a mean 8 @ = 3.59 with a standard deviation of 3.60. We also looked at genomic control :E , the ratio 160 of the observed median @ over the expected median @ under the null [33] . :E compares the 161 median observed @ test-statistic versus the true median under the null. In our simulations, we 162 observed :E = 5.81 for AIT and :E = 0.980 for AITL (see Supplementary Figure S1 ). Figure S2 ). In the LCLs, we found that interaction of rs7585465 with ;FG 178 was associated with ERBB4 expression AITL = 2.95×10 '( , marginal = 0.404 at a genome-wide 179 significant threshold ≤ 5×10 '( . rs7585465 has a 'C' allele frequency of 0.218 in the Corriell data 180 8 and appears to be differentiated between CEU and YRI with allele frequencies of 0.619 and 0.097 in 181 the respective populations.
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Given that the gene expression values come from LCLs (all cultured according to the same 183 standards), the SNPs may be interacting with epigenetic alterations due to environmental exposures 184 that have persisted since transformation into LCLs. This scenario is unlikely, and we believe that 185 signals are driven by multi-way epistatic interactions. In our simulations, we showed that using as 186 a proxy for a single highly differentiated SNP is underpowered compared to testing all pairs of 187 potentially interacting SNPs directly. However, there are many SNPs that are highly differentiated 188 across the genome with which will be correlated. It is therefore possible that is capturing the 189 interaction between the aggregate of many differentiated trans-SNPs (i.e. global genetic background) 190 and the candidate SNP. This is consistent with a recently reported finding, conducted in human iPS 191 cell lines, that genetic background accounts for much of the transcriptional variation [2, 35] .
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Although we believe the ERBB4 result to be representative of multi-way epistasis, we 193 performed a standard pairwise interaction test (see Methods) to check for interaction between 194 rs7585465 and other SNPs genome-wide. Interestingly, we found that the standard interaction test 195 (see Methods) showed substantial departure from the null with a :E equal to 1.8 (see
196
Supplementary Figure S3 ). Since the interaction of rs7585465 by was significant, the pairwise 197 interaction test-statistics of rs7585465 by any SNP j can be inflated if j is correlated with . We found 198 that including the original significant SNP by term in the null (see Methods) brought the :E down 199 to 1.05, and controlled for such scenarios in this dataset (See Supplementary Figure S3 ). As we had 200 previously anticipated, identifying the exact interactions driving the SNP by interaction proved to 201 be difficult. We found one borderline significant SNP (rs4839709, = 3.08×10 'T ) but no 202 interactions that passed genome-wide significance. These results are consistent with what we have 203 observed in simulations, in which even though a standard pairwise interaction test is underpowered 204 to detect interactions, AITL is able to identify the main locus involved in a multi-way interaction.
206 207
GALA II Case-Control 208 9
To determine if our method is biased in large structured GWAS data, we applied AITL to 209 case-control data from a study of asthmatic Latino individuals called the Genes-environments and 210 Admixture in Latino Americans (GALA II) [36] . The dataset includes 1158 Mexicans and 1605 Puerto   211 Ricans, which were analyzed separately. Case status was assigned to individuals if they were 212 between the ages of 8 and 40 years with a physician-diagnosed mild to moderate-to-severe asthma.
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Additionally, they had to have experienced 2 or more asthma related symptoms in the previous 2 214 years at the time of recruitment [37] . In the Mexicans and Puerto Ricans there were 548 and 797 215 cases, respectively. In our analysis, we also included BMI, age, and sex as additional covariates. We 216 observed well-calibrated statistics with a :E equal to 1.00 and 0.98 in the Mexicans and Puerto 217 Ricans, respectively (see Supplementary Figure S5 ). In contrast to the molecular phenotype data, 218 searches for interactions in these phenotypes did not yield any findings passing genome-wide 219 significance. This is consistent with previous disease studies that have failed to find many replicable 220 interactions in disease studies [28] . In the data here, the lack of any findings may be due to the Figure S6 ). We tested 233 128,794,325 methylation-SNP pairs, which result in a Bonferroni corrected p-value cutoff of 234 3.88×10 '8U . However, this cutoff is extremely conservative given the tests are not independent. We 235 therefore report all results that are significant at 5×10 '( in either set as an initial filter. We found 5 236 10 interactions in the Mexicans and 3 in the Puerto Ricans that are significant at this threshold (see 237 
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Even after adjusting for the second ancestry the interactions between SNP and ;FG remained highly 245 significant (see Supplementary Table 1 ).
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As we did for the gene expression data, we attempted to identify pairwise interactions 247 involved in the methylation data results. For each genome-wide significant result, we performed a 248 standard pairwise interaction test of all SNPs with the original SNP found to be significant with AITL.
249
We were unable to identify any significant interactions after applying genomic control to the results.
250
For all tests, we included the significant SNP by term (see Methods) in the null. For this dataset, 251 unlike the gene expression data, we observed substantial remaining departure from the null (see 252 Supplementary 
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It has been shown that 2-step analyses may be more powerful for detecting interactions 303 when exposures are binary [42] [43] [44] . However, these studies have primarily been done in a single 304 homogeneous population, and the correct null distribution for the interaction effect must assume 305 that the 2 nd stage procedure is independent of the marginal effect test-statistic. In real data, using a 2-306 step approach in conjunction with AITL to test for interactions may be problematic because the 307 interaction effect size will not necessarily be independent of the marginal effect size, as the allele 308 frequency at any SNP will be a function of ancestry in an admixed population. Additionally, only 1 of 309 the interaction results that we report here had a marginal effect (p< 0.05) and thus would have been 310 missed by a 2-step approach. Thus, our approach can serve to complement or extend the frequently 311 used 2-step procedure for detecting interaction effects.
312
Results from our multi-way epistasis simulation analyses and empirical data in cell lines 313 suggest that genetic ancestry is a good proxy for genetic background, since all highly differentiated 
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For some traits, there may be systematic differences between ancestral populations in the 325 genetic effects on the trait. In admixed individuals with these ancestral populations, the effect of 326 genetic variation on phenotype will be reflected in the correlation between phenotype and θ, thereby 327 affecting epistatic and × interactions. It will be interesting to see how much of the phenotype-328 ancestry correlations are due to epistatic and × interactions.
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In our analysis of real data, we discovered gene by θ interactions associated with genes that 330 have known interactions. In the GALA II Mexicans, the interaction of rs925736 with ancestry was 331 associated with the methylation of HDAC4, a known histone deaceytlase (HDAC 
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Our approach is best illustrated with an example. First consider testing a SNP s for 367 interaction with an environmental covariate E. θ can serve as a proxy for E if the two are correlated, 368 even if E is unknown or unmeasured (see Figure 4a ). Now consider testing s for interaction with a 369 SNP j≠ s that is highly differentiated in terms of ancestral allele frequencies. where ~ 0, is a n×1 vector of error terms, X is a n×v matrix of v covariates, and is a v×1 390 vector of the covariate effect sizes. We note that in our notation @ = o for a vector . Assuming 391 independence, the likelihood under this model is:
We can compute the log-likelihood ratio statistic (D) using a maximum likelihood approach: We note that for a case-control phenotype we would use the following likelihood and log-likelihood 
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The first test we present is the standard direct test of interaction. We test for a SNP's 
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Given that the individuals we analyze in this work are assumed to be admixed, there is 430 potential for confounding due to differential LD. An interaction that is not driven by biology could 431 occur due to the possibility that a causal variant may be better tagged by a SNP being tested on one 432 ancestral background versus another (See Figure 4c ). We account for the different LD patterns on 433 varying ancestral backgrounds by including local ancestry as an additional covariate in AITL. By 434 including local ancestry, we assume that the SNP being tested is on the same local ancestry block as 435 the causal SNP that it may be tagging. Such an assumption is reasonable because admixture in 436 populations such as Latinos and African Americans are relatively recent events and their genomes 437 have not undergone many recombination events. As a result, local ancestry blocks on average stretch 438 for several hundred kilobases [52, 53] .
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Let _`= _8`… _8` be the vector of local ancestry calls for all individuals for ancestry a 440 and let `× _` be the interaction terms from piecewise multiplication of the two vectors. We use the 441 following alternative and null hypotheses: 
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Here we present the standard approach for testing for interaction between two SNPs. We 459 use the following alternative and null hypotheses. To simulate phenotypes based on pairwise epistatic interactions, we simulated two SNPs. At 499 both SNPs, we assigned the local ancestry values as described for the × case. We assigned 500 genotypes for individuals at the first SNP assuming an allele frequency of 0.5 for both populations 501 and drawing from two binomial trials. We assigned genotypes at the second SNP over a wide range of 502 ancestry specific allele frequencies to simulate different levels of SNP differentiation. Ancestry 503 specific allele frequencies were initially 8 = @ = 0.5 and iteratively increasing p1 by 0.005 while 504 simultaneously decreasing p2 by 0.005 until p1 = 0.05 and p2 = 0.95. Genotypes at the second SNP 505 were drawn using the same approach described for × . Using the simulated genotypes, phenotypes 506 were drawn from a normal distribution, = :×: × Y8 × Y@ , = 1 , where Y` is the genotype for 507 individual i at the simulated SNP s.
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To simulate phenotypes based on multi-way epistatic interactions, we simulated a SNP z and 
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To simulate the scenario of differential LD on different ancestral backgrounds leading to 516 false positives, we simulated phenotypes based on a single causal SNP that was tagged by another 517 SNP. At both SNPs, local ancestries were assigned as described previously and genotypes were drawn 518 using ancestry specific allele frequencies. Ancestral allele frequencies were assigned such that the 519 average r 2 between the causal and tag SNP was 0.272 on the background of ancestral population 1 520 and 0.024 on the background of ancestral population 2. Thus, the tag SNP was only a tag on the 521 population1 background and not on the population 2 background. Phenotypes were drawn from a 522 normal distribution, ( = E_-`_-× Y˜, = 1), assuming no interaction and E_-`_-= 0. Raw methylation values (see Results) were first normalized using Illumina's control probe 555 scaling procedures. All probes with median methylation less than 1% or greater than 99% were 556 removed and the remaining probes were logit-transformed as previously described [59] . To control 557 for extreme outliers, we truncated the distribution of methylation values. For a given probe, we first 558 computed the mean and standard deviation of the methylation values. We then set any methylation 559 values deviating more than 2.58 standard deviations from the mean to the methylation value 560 corresponding to the 99.5 th quantile. 
